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Abstract
Video question answering (VideoQA), whose goal is to pro-
duce answers through the integration of linguistic and vi-
sual understanding, has emerged as a significant research fo-
cus. Although Large Multimodal Models (LMMs) and au-
tonomous agent methods have achieved notable advances in
VideoQA, excessive computational overhead and restricted
multimodal interaction capabilities limit their ability to facil-
itate the continuous evolution of the VideoQA system. To ad-
dress the challenge, we introduce DigimonGPT, an evolvable
VideoQA agent inspired by cognitive psychology. Specifi-
cally, DigimonGPT integrates a multimodal memory mech-
anism to achieve the continuous evolution of VideoQA sys-
tems. An intra-video declarative memory contains fundamen-
tal features of the video and semantic contexts extracted from
historical QA pairs. Another inter-task procedural memory
encodes task-solving experience for further question answer-
ing. Additionally, we introduce a hierarchical memory replay
mechanism for VideoQA that selects appropriate memories
by their relevance and question complexity. Extensive experi-
ments demonstrate that DigimonGPT’s accuracy outperforms
by an average of 13.71% on NExT-QA datasets and 9.89% on
Intent-QA datasets over LMM and autonomous agents.

Introduction
As video emerges as the primary medium for information
dissemination, Video Question Answering (VideoQA) has
advanced significantly to streamline the often tedious pro-
cess of extracting information from lengthy videos (Wang
et al. 2024; Liu et al. 2024b; Wei et al. 2023). Prevalent
Large Multimodal Models (LMMs) (Jiang et al. 2025; Chen
et al. 2025; Gao et al. 2025) further accelerate the develop-
ment by facilitating interaction between VideoQA systems
and users through a vision-centric dialogue. Example appli-
cations include scene understanding (Azuma et al. 2022; Lin
et al. 2023) and intelligent assistant (Tanaka et al. 2023).

Despite these significant advancements, current VideoQA
systems still struggle to handle evolving QA tasks and di-
verse video content while consistently generating accurate
responses. Specifically, a VideoQA system continuously
learns from past tasks to deepen its understanding and ac-
cumulate experiential knowledge. This would significantly
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Figure 1: Comparison of existing VideoQA agents and this
paper. (a) Existing works: Answer with basic information
about the video. (b) DigimonGPT: Evolves with hierarchical
biomimetic memories and solves the problem.

improve the quality and efficiency of its responses. To en-
hance this capability, existing approaches fine-tune LMMs
to adapt to new tasks and video types (Feng et al. 2024; Zhao
et al. 2023). While such fine-tuning can improve question-
answering performance, it is limited by task distribution bi-
ases present in pretraining data (Li, Peng, and Zhou 2024;
Jin et al. 2024) and incurs substantial computational over-
head (D’Alessandro et al. 2023; Yu et al. 2024; Jha, Gong,
and Yao 2024). To counter this problem, researchers build
autonomous agents (Yang et al. 2024; Shang et al. 2024;
Mao et al. 2023; Zhang et al. 2024a) and facilitate their
continuous evolution. These agents leverage the reasoning
and planning ability of LLMs to invoke different tools, ex-
tract necessary information, and solve the task. To enable
agent evolution, recent studies (Zhang et al. 2024b; Ma-
jumder et al. 2024) depart from conventional gradient-based
learning by leveraging textual memories drawn from previ-
ous tasks. These memories are both more interpretable and
more efficient (Yuksekgonul et al. 2025). However, current
evolution techniques of agents focus primarily on natural
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Figure 2: System architecture of DigimonGPT. Showing the integration of memory construction, memory replayable into a
unified framework, and an example of DigimonGPT reasoning.

language interaction scenarios, with limited support for mul-
timodal interactions that are essential for VideoQA systems.

Facilitating the multimodal evolution of VideoQA agents
is not easy. Specifically, two non-negligible challenges arise:
1) Designing memory architecture tailored for multimodal
agent. An evolvable VideoQA agent requires a memory ar-
chitecture that organizes rich multimodal information from
video-question interactions. As illustrated in Figure 1(a), the
existing works (Fan et al. 2024; Yang et al. 2024) are based
on structured memory, which captures surface-level visual
cues but lacks deeper understanding and contextual ground-
ing. To support sophisticated reasoning and generalization,
the memory architecture should simultaneously incorporate
additional information such as past task dependencies and
behavioral patterns. 2) Balancing the quantity and effective-
ness of memory replay. As knowledge accumulates, select-
ing and utilizing the most relevant pieces of knowledge for
new tasks becomes increasingly difficult. Excessive redun-
dant knowledge introduces semantic noise (Shi et al. 2023;
Liu et al. 2024a), complicating the Q&A mechanisms from
effectively identifying essential semantic cues.

Fortunately, the theory of long-term memory organization
in cognitive psychology (Tulving 2002) sheds light on ad-
dressing the aforementioned challenges. In this theory, hu-
man long-term memory is categorized into declarative mem-
ory, which means recalling facts or concepts, and procedural
memory, which involves recalling how to perform actions
or procedures. Inspired by this, we propose DigimonGPT,
an evolvable multimodal agent for VideoQA, as illustrated
in Figure 1(b). Specifically, we introduce a complementary

memory mechanism to retain extra task-relevant memories.
First, an Intra-video Declarative Memory stores the declar-
ative concepts of the video. It includes the episodic under-
standing of the video, as well as the key semantic informa-
tion learned from past QA pairs. Second, an Inter-task Pro-
cedural Memory encodes the successful task-solving expe-
rience as evolving action sequences for further reuse. Based
on these two kinds of memory, we propose a Hierarchical
Memory Replay mechanism that selects appropriate memo-
ries by their relevance and question complexity, ensuring the
efficient reuse of the semantic understanding and reasoning
for complex VideoQA tasks.

Our main contributions are summarized as follows:
• We propose DigimonGPT, the first evolvable agent for

video question answering, synergizing declarative mem-
ory (semantic retention) with procedural memory (expe-
rience evolution).

• Inspired by the memory organization theory in cog-
nitive psychology, we propose an Intra-video Declara-
tive Memory and an Inter-task Procedural Memory to
store task-relevant features and historical retrieval expe-
rience. We further propose a Hierarchical Memory Re-
play mechanism that dynamically balances memory uti-
lization to ensure accurate responses.

• We conduct extensive evaluations on representative tasks
and compare DigimonGPT with VideoQA systems based
on LMM and LLM-driven agents. The results demon-
strate the superiority of DigimonGPT, achieving an aver-
age accuracy improvement of 13.71% on the NExT-QA
dataset and 9.89% on the Intent-QA dataset.
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Preliminary
LLM-based Agents. LLM-based agents are intelligent, au-
tonomous systems designed to tackle complex tasks in dy-
namic environments. These tasks can be naturally framed
as decision-making problems under uncertainty, where the
agent cannot fully observe the true state of the environment.
Instead, it must rely on partial observations and interact it-
eratively with the environment to achieve its objectives. The
agent operates by maintaining a history of its previous ac-
tions and observations, along with a set of instructions or
contextual information, such as examples, task descriptions,
or environmental cues. Based on this accumulated context,
the LLM functions as a policy that generates the next ac-
tion to take. Each action leads to a new response from the
environment, including a new observation and potentially a
change in state. This process continues step by step, with the
agent using its updated history to inform subsequent actions.
The interaction ends when the task is successfully completed
or when a predefined step limit is reached.

Working-memory Buffer. From the cognitive science
perspective, working memory enables individuals to hold
and manipulate information in real-time, facilitating com-
plex cognitive tasks such as reasoning, comprehension, and
learning (Barsalou 2014). In DigimonGPT , memory refers
to the critical history the model needs at any given moment
to perform its current task effectively. Managing this mem-
ory well enables the agent to integrate past experiences with
present inputs, leading to more accurate and context-aware
decisions. This process mirrors human attentional control
and cognitive updating, where relevant information is prior-
itized, distractions are filtered out, and new inputs are con-
tinuously incorporated into a mental workspace. A common
approach, shown in Figure 1, stores the entire history of in-
teractions in memory. While this ensures the model has com-
plete context, it can also introduce unnecessary redundancy
and increase the cognitive load on the LLM.

Method
Overview
The core idea of DigimonGPT is to employ biomimetic
memory that enables structured storage and dynamic re-
trieval of multimodal video and interaction information, en-
hancing the agent’s capabilities in semantic understanding.
More specifically, as shown in Figure 2. DigimonGPT con-
sists of two interconnected components: memory construc-
tion and hierarchical memory replay. Based on the declara-
tive and procedural memories, DigimonGPT utilizes the hi-
erarchical memory replay mechanism by selecting the ap-
propriate type and amount of memories that help answer the
current question. Furthermore, at the end of each question-
answering task, DigimonGPT automatically updates the two
kinds of memory to facilitate the evolution of the agent.

Problem Formulation
We consider DigimonGPT is built on a large language model
L and a text-based composite memory M , and we categorize
its memory into declarative memory within videos and pro-
cedural memory across tasks.

Task description: Your task is to evaluate whether the answer 
provided by the agent for a video QA task logically answers the user's 
question. 
Please based on the following two components:
1) Logical Check: Does the answer follow the question and make 
sense in context?
2) Semantic Check: Is the answer meaningful and accurate in terms of 
the question’s intent?
question:{question}
answer: {answer}

Instruction 1: Verify the logic of historical Q&A.  

Task description: Your task is to summarize the following questions 
and answers. Please based on the following two components:
1) Ensure that no details related to the video are overlooked in the 
question and answer.
2) Summarize the content as concisely as possible while retaining all 
key information.
question:{question}
answer: {answer}

Instruction 2: Summarize historical Q&A.
(a) Validation Instruction

(b) Summary Instruction

Task description: Your task is to extracting the decision-making 
patterns of the tasks based on the successful workflow of tool 
invocations and generating a general operation guide for similar tasks 
in the future. 
Please pay attention to the following points:
1) Identify the key tools required for each task type, e.g., "xx must be 
used for xx task. xx may be used for xx task. "
2) The dependencies and sequence of tool invocations. The key 
decision points that may arise during the task execution.
Question category: {question_category}
Workflow: {workflow}

Instruction 3: Distill tool usage workflow.

(c) Workflow Distillation Instruction

Figure 3: Memory Construction Instructions

At the beginning of a task, we assume that the agent has
no memory. In order to complete the task specified by the
user’s query q and video v, the agent first needs to prepro-
cess the video, converting it into structured episodic mem-
ory Me. Then, at each time step ti, the environment state
si produces an observation oi, which is passed to the model
L. The model computes an action ai = L(q,Me, oi), which
is then executed in the environment. This action is executed
in the environment, changing the state to T (si, ai) → si+1,
where T represents the environment state update function.
This observation-action loop continues until the model pre-
dicts a stopping action ai = STOP, or a task termination con-
dition is met, such as reaching the maximum allowed steps
or the model deriving an answer.

Each completed task forms an experience e, which in-
cludes the user’s instruction q, the agent’s answer a, and the
sequence of steps taken during the task-solving process. Our
goal is to build a set of experiences E = e from these com-
pleted tasks, and infer semantic memory Ms and procedural
memory Mp. Ultimately, these inferred memories are added
to the agent’s memory store M , and hierarchical memory
replay is used to guide the solving of subsequent tasks.

Memory Construction
In this section, we will provide a detailed explanation of how
different types of memories are constructed and the rationale
behind each memory type.

Intra-video Declarative Memory. To enhance contex-
tual understanding and reasoning in VideoQA, we propose
Intra-video Declarative Memory, inspired by the cognitive
distinction between episodic and semantic memory. This
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framework allows DigimonGPT to store both detailed video
observations and abstract semantic knowledge, forming a
comprehensive understanding of the video content.

(1) Episodic Memory via Video Feature Extraction. Our
episodic memory Me is used to store captions and related
features of video segments. For each video segment, we ex-
tract captions, video features, and text embeddings. Addi-
tionally, objects in the video (such as people and items) are
tracked, and their frame numbers and locations are recorded,
along with the features of these objects for later retrieval. By
capturing key information from the video, DigimonGPT is
able to gain an initial understanding of the video content.
The specific models used for video preprocessing will be
discussed in the deployment details section.

(2) Semantic Memory via Past QA Summarization. The
purpose of constructing semantic memory Ms is to store
high-quality historical QA, helping agents develop a deep
understanding of the video content. By dynamically updat-
ing the semantic memory, DigimonGPT can more efficiently
understand and respond to user questions about the deeper
meaning of the video, while avoiding redundant tool usage.
Specifically, our semantic memory stores historical QA pairs
validated by a large language model (LLM). Each pair is
verified to ensure its correctness and semantic consistency
and is then transformed into a summary without redundant
information (validation and summary prompts are shown in
Figure 3). We then use a text encoder to convert these sum-
maries into semantic vectors and store them in a dedicated
vector database Ds.

Inter-task Procedural Memory. Procedural memory Mp

records the workflows during task execution, specifically the
sequence of tool invocations used by the agent throughout
the task. This enables the agent to handle similar tasks more
efficiently (e.g., if the agent has encountered similar ques-
tions in different videos before, and the solutions to those
questions are consistent). Additionally, by abstractly sum-
marizing the decision patterns for various task types, we en-
hance the agent’s ability to reason across tasks and mitigate
the negative impact of low-quality workflows. Our procedu-
ral memory is designed to store the tool invocation work-
flows of completed tasks, with each workflow represent-
ing the sequence and dependencies of tool invocations. As
tasks progress, the system continuously archives and stores
successful workflows for different task types in the vector
database Dp. To improve the memory’s applicability and
generalization, we introduce a task-type abstraction mech-
anism, categorizing tasks into causal, temporal, and descrip-
tive types (Xiao et al. 2021). Once the number of completed
tasks in each category exceeds five, the system uses the
prompt template shown in Figure 3 to summarize and gen-
erate general decision patterns through an LLM.

Hierarchical Memory Replay
Upon completion of memory construction, we introduce
a hierarchical memory replay mechanism to enable Digi-
monGPT to perform question answering tasks with both effi-
ciency and precision. In the following sections, we describe
the memory retrieval process in detail and explain how the
system dynamically adjusts the replay quantity of different

Figure 4: Memory retrieval mechanism of DigimonGPT.

memory types based on task complexity.
Memory Retrieval. The method aims to accurately iden-

tify the most relevant knowledge to the current user query.
DigimonGPT achieves this by retrieving the required mem-
ory from three different vector databases. For the sake of
explaining the functionality of the components, we use the
retrieval of semantic memory Ms as an example to illustrate
the specific memory retrieval process. As shown in Figure 4,
the method implements a retrieval function R : q × Ms →
M

(s)
s , where q represents the query space, Ms is the mem-

ory store, and M
(s)
s ⊂ Ms is the subset of memory entries

deemed relevant to the given query. This retrieval process
is crucial for effective memory reuse, as it filters out only
the information that is relevant to the current task from the
memory store, enabling precise memory application.

The core of memory retrieval relies on semantic similarity
measurement between the current user query and relevant
questions in the memory store. Retrieval based on similarity
can be formally defined as:

R(q,Ms) = {mj ∈ Ms | sim (q, qj) ≥ τs}top-k
j=1 (1)

Here, q is the current query, qj is the question related to
memory entry mj , sim (, ) is the similarity function, τs is the
similarity threshold (τs=0.5 by default), and top-k refers to
selecting the most similar entries of k. To achieve this sim-
ilarity measurement, we adopt a two-stage processing ap-
proach:
1. Embedding Generation: Convert the user query into a

dense vector representation. This is achieved using the
text-embedding-3-large model via remote invocation.

2. Similarity Calculation: Compute the cosine similarity be-
tween the embedding vectors to quantify the semantic re-
lationship between queries.

Through this approach, we can efficiently filter out the most
relevant memory entries from a large set, enabling precise
memory reuse tailored to the current query.

Complexity-Aware Memory Adjustment. We observe
that excessive memory can impair inference performance,
while insufficient memory fails to enhance reasoning capa-
bilities (Shi et al. 2023; Liu et al. 2024a). We dynamically
adjust the number of memory replays to adapt to task com-
plexity. This mechanism intelligently retrieves an optimal
amount of memory input, ensuring that the model receives
adequate support without being overloaded.

6004



Task description: Please rate each question on a scale from 0 to 1 
(with 1 being the highest complexity), considering the depth of 
reasoning and contextual understanding required. Questions that are 
more detailed or involve more objects require a more complex answer 
process.
question:{question}

Instruction 4: Assess semantic complexity of the question. 

Figure 5: Instruction of semantic complexity assessment.

First, we employ a large language model (LLM) to pro-
vide a prompt-based assessment of the semantic complex-
ity of question q, as shown in figure 5. The LLM evalu-
ates the question based on factors like syntactic structure,
reasoning demands, and contextual dependencies, and as-
signs a normalized score P (q) ∈ [0, 1] that reflects its
semantic complexity. Next, we introduce keyword entropy
E (Keywords (·)) to capture the diversity and richness of
the query’s semantic content. We begin by tokenizing the in-
put text and removing common stopwords using the NLTK
English stopword list. After filtering, we compute the fre-
quency of the remaining keywords and normalize these
counts to obtain a probability distribution. Finally, we calcu-
late the Shannon entropy of this distribution to quantify the
semantic diversity and informational richness of the ques-
tion. Finally, to refine the overall complexity score C (·), we
employ Bayesian optimization (Shahriari et al. 2015) to au-
tomatically determine the optimal values for hyperparame-
ters α and β. Therefore, the overall complexity of a given
query q is depicted in Eq. 2.

C (q) = α · P (q) + β · E (Keywords (q)) (2)

Based on C (q), the system dynamically adjusts the num-
ber of items replayed from semantic memory Ms and
episodic memory Mp. Specifically, the number of Ms and
Mp replays, denoted as ks and kp, is determined by Eq. 3
and 4. In addition, we predefine the minimum and maxi-
mum values of ks and kp as 1 and 5, respectively, resulting
in the repaly ranges [ks,min, ks,max] and [kp,min, kp,max].

ks = round (ks,min + C (q) · (ks,max − ks,min)) (3)

kp = round (kp,min + C (q) · (kp,max − kp,min)) (4)
We employ the rounding function round(·) to convert the

intermediate continuous values into discrete integers. By dy-
namically adjusting the replay size in this manner, the sys-
tem optimizes performance and provides sufficient informa-
tion for complex queries while avoiding unnecessary over-
load for simpler ones.

Experiments
Experimental Setup
Implementation Details. We develop the system using Py-
Torch and LangChain (Topsakal and Akinci 2023), inte-
grating GPT-4o-mini (Roumeliotis and Tselikas 2023) for
language processing. The preprocessing pipeline employs
LaViLa (Zhao et al. 2023) for frame-level captioning, fol-
lowed by ViCLIP (Wang et al. 2023b) and text-embedding-
3-large (Wang et al. 2023a) for visual-textual feature embed-
ding. Spatiotemporal analysis combines RT-DETR (Zhao

et al. 2024) for object detection and ByteTrack (Zhang et al.
2022) for multi-object tracking. Experiments on an NVIDIA
RTX 3090 GPU adopt in-context learning, with frozen pa-
rameters to ensure fair comparisons.

Datasets. We utilize two datasets for our experiments:
NExT-QA (Xiao et al. 2021) and Intent-QA (Li et al. 2023b).
The NExT-QA dataset comprises 34,132 video-question
pairs for training and 4,996 pairs for validation. Each ques-
tion is labeled with one of three types: Causal (Cau.), Tem-
poral (Tem.), or Descriptive (Des.), which is accompanied
by five candidate answers. The Intent-QA dataset focuses on
intent reasoning in social scenarios, comprising 4.3k videos
and 16k pairs, question types of Causal-Why (CW.), Causal-
How (CH.), and Temporal (Tem.). During evaluation, the
test samples are randomly selected and shuffled, and the sys-
tem’s memory is reset before each evaluation round.

Metrics. We evaluate DigimonGPT using the different ac-
curacy metrics. On the NExT-QA dataset, we report accu-
racy for the above three question types, as well as the over-
all accuracy across all questions (All). For the Intent-QA
dataset, the evaluation method of DigimonGPT is similar to
that of the NExT-QA dataset.

Baseline. We compare DigimonGPT with VideoQA sys-
tems based on MM (Multimodal Mode), LMM, and LLM-
driven agents. MM: HGA (Jiang and Han 2020) utilizes a
heterogeneous graph alignment network to achieve synchro-
nized alignment and interaction across and within modal-
ities. LMM: Video-LLaVA (Lin et al. 2024) unifies image
and video representations, allowing the base large language
model to handle multimodal tasks more effectively. LLM-
driven agents: LangRepo (Kahatapitiya et al. 2025) updates
video captions to assist LLMs in video QA tasks, we use a
proprietary LLM for this experiment. VideoAgent (Fan et al.
2024) constructs a structured memory to store general event
descriptions and object-based state tracking information ex-
tracted from videos. TraveLER (Shang et al. 2024) employs
a modular agent architecture with a feedback mechanism,
enabling more flexible reasoning strategies.

Main Results
Table 1 presents a performance that DigimonGPT outper-
forms state-of-the-art methods on both the NExT-QA and
Intent-QA datasets. Our system outperforms the traditional
model (HGA) by 16.86%, LMM (Video-LLaVa) by 12.93%,
and the LLM-driven agent (VideoAgent & TraveLER) by
9.27% in terms of average accuracy across the two datasets.

Specifically, on the NExT-QA dataset, since HGA (Jiang
and Han 2020) is constrained by task distribution biases in-
herent in its pretraining data, and Video-LLaVa (Lin et al.
2024) analyzes only a limited number of video frames to
generate responses, their overall performance is 19.11%
and 14.61% lower, respectively, compared to our system.
In addition, DigimonGPT improves the overall accuracy by
8.99% compared to VideoAgent (Fan et al. 2024). This en-
hancement stems from incorporating supplemental seman-
tic and procedural memory, which enables systematic replay
of historical memories during reasoning, yielding more pre-
cise responses. While TraveLER (Shang et al. 2024) demon-
strates second-best overall performance, it still lags with our
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Dataset NExT-QA Intent-QA
Question Type Causal Temporal Descriptive All Causal-Why Causal-How Temporal All

HGA (Jiang and Han 2020) 50.00 51.72 37.5 48.31 43.33 55.17 43.33 47.19
Video-LLaVa (Lin et al. 2024) 47.73 58.62 56.25 52.81 53.33 48.28 50.00 50.56
LangRepo (Kahatapitiya et al. 2025) 59.09 44.83 56.25 53.93 60.00 62.07 40.00 53.93
VideoAgent (Fan et al. 2024) 56.82 55.17 50.00 55.06 56.67 58.62 43.33 52.81
TraveLER (Shang et al. 2024) 63.64 58.62 43.75 58.43 56.67 51.72 56.67 55.06
DigimonGPT (Ours) 70.45 62.07 68.75 67.42 63.33 58.62 63.33 61.80

Table 1: Accuracy of different question types on the NExT-QA and Intent-QA datasets.

SM EM PM Causal Temporal Descriptive All
✓ 56.82 55.17 50.00 55.06

✓ ✓ 68.18 58.62 43.75 60.67
✓ ✓ 52.27 62.07 68.75 58.43

✓ ✓ ✓ 70.45 62.07 68.75 67.42

Table 2: Accuracy analysis of DigimonGPT with different
memory components.

1 11 21 31 41 51 61 71 81

No replay PM replay SM replay

Figure 6: The semantic memory (SM) and procedural mem-
ory (PM) replay in DigimonGPT during task execution.

method by 8.99%. Especially in the descriptive task, Digi-
monGPT improves the accuracy by 18.75% compared with
TraveLER. This is because descriptive questions necessitate
a detailed understanding and reconstruction of video con-
tent. DigimonGPT addresses this by retrieving highly rele-
vant procedural memories, which provide tool usage experi-
ences from past successful tasks.

On the Intent-QA dataset, DigimonGPT achieves an aver-
age improvement of 9.89% over the baseline models. Specif-
ically, DigimonGPT outperforms other methods on Causal-
Why questions, surpassing VideoAgent and TraveLER by
6.66%. In temporal reasoning tasks, DigimonGPT achieves
20% improvement over VideoAgent, which also incorpo-
rates the memory mechanism. Advantage primarily arises
from the strong temporal dependencies inherent in the
Intent-QA dataset, where our semantic memory module
plays a key role by effectively preserving and retrieving rel-
evant contextual information. This enables the QA system to
make more informed and accurate inferences.

Ablation Studies
To gain deeper insights into the performance and effective-
ness of DigimonGPT, we conduct a comprehensive set of
ablation experiments on the NExT-QA dataset.

Memory Components. We investigate the essential
memory components in DigimonGPT, i.e., semantic mem-
ory (SM) and episodic memory (EM) within declarative
memory, and procedural memory (PM). The results are
summarized in Table 2. Row 1 vs. Row 2: The addition

of Semantic Memory (SM) in Row 2 leads to a signifi-
cant improvement in Causal reasoning accuracy, rising from
56.82% to 68.18%. This confirms that SM plays a vital
role in capturing inter-segment causal dependencies in tasks,
which are difficult to infer based solely on episodic mem-
ory. Interestingly, we observe moderate gains in the Tempo-
ral task (from 55.17% to 58.62%), but a drop in Descriptive
task accuracy (from 50.00% to 43.75%). This fluctuation is
attributed to the lack of Procedural Memory (PM): without
PM, the agent depends solely on the LLM to select tools,
which can lead to inconsistent behavior and limited fine-
grained understanding, especially for descriptive questions
that require detailed video reconstruction. Row 3 vs. Row
4: Both configurations include Procedural Memory (PM),
which helps stabilize performance in Temporal and Descrip-
tive tasks. Specifically, accuracy on the Descriptive task rises
sharply to 68.75%, verifying the effectiveness of PM in stor-
ing successful tool-use trajectories and mitigating LLM un-
certainty during action selection. However, Row 3 lacks SM
and thus struggles with Causal questions, scoring 52.27%,
which is 18.18% lower than Row 4. Overall, the best perfor-
mance (67.42% accuracy across all tasks) is achieved when
integrating all three memory components (SM + EM + PM),
validating the effectiveness of our cognitively inspired mem-
ory architecture in video question answering. As visualized
in Figure 6, the system replays relevant memory in up to
47.8% of tasks, demonstrating frequent memory reuse.

The Number of Memory Replay. We evaluate the im-
pact of varying semantic memory Ms and procedural mem-
ory Mp to evaluate their efficiency in supporting LLM rea-
soning, as shown in Table 3. First, the overall accuracy per-
formance of the no-replay baseline (Ms = 0, Mp = 0) is sig-
nificantly lower than our full model, with a gap of 12.36%,
demonstrating the critical role of memory replay in support-
ing reasoning. In the small-scale replay setting (Ms = 1, Mp

= 1), the semantic memory module provides only the sin-
gle most relevant memory item, which helps the LLM fo-
cus on precise cues during inference. Interestingly, this con-
figuration slightly outperforms our full model by 2.28% on
the causal task. However, it falls short in descriptive tasks,
lagging behind by 25%. While Row 2 does include proce-
dural memory, its replay scale (Mp = 1) is too limited to
provide effective support for descriptive tasks. Such tasks
often require detailed visual context and multi-step reason-
ing, which a single procedural memory entry can limit the
decision-making of LLM. As a result, the LLM lacks suffi-
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Ms Mp Causal Temporal Descriptive All
0 0 56.82 55.17 50 55.06
1 1 72.73 55.17 43.75 61.80
5 5 61.36 51.72 56.25 57.30
3 2 68.18 58.62 68.75 65.17

DigimonGPT 70.45 62.07 68.75 67.42

Table 3: Accuracy of DigimonGPT compared with different
numbers of memory replayed for VideoQA.

α β Causal Temporal Descriptive All
0.11 0.89 59.09 51.72 68.75 58.43
0.03 0.3 65.91 55.17 68.75 62.92
0.05 0.2 72.73 58.62 62.5 66.29
0.03 0.2 70.45 62.07 68.75 67.42

Table 4: Accuracy of DigimonGPT under different hyperpa-
rameter settings.

cient reference to guide tool usage, leading to inconsistent
or suboptimal decisions. In contrast, Row 1 (without pro-
cedural memory) benefits from more stable default behav-
ior, yielding slightly better descriptive performance, which
is an unpredictable and random action. Therefore, Row 2
performing worse than Row 1 on the Descriptive task is ex-
pected. It highlights that overly limited procedural replay
may mislead the model more than it helps. In contrast, the
large-scale replay setting (Ms = 5, Mp = 5) introduces ex-
cessive memory entries, which may introduce noise and dis-
tract the model from the most relevant information, thus
affecting performance. Although Ms = 3, Mp = 2 are the
best-performing parameters derived from extensive experi-
ments, the dynamic retrieval strategy ultimately outperforms
by 2.25% in overall accuracy.

Hyperparameter Analysis. We use Bayesian optimiza-
tion with the HuggingFace problem complexity dataset to
define the objective function (Shahriari et al. 2015). This
process identifies the optimal hyperparameter configuration:
α = 0.03 and β = 0.2. To validate this configuration, we
perform additional evaluations by (1) testing a normalized
version of the optimal parameters and (2) fixing one param-
eter (α or β) while scaling the other upward.

As shown in Table 4, the configuration α = 0.03 and
β = 0.2 achieves the highest overall accuracy, outperform-
ing the normalized version of the best hyperparameters by
8.99%. Moreover, increasing either parameter beyond the
optimal values does not improve performance. Specifically,
increasing β to 0.3 results in a 4.5% drop in accuracy,
while increasing α to 0.05 leads to a 1.13% drop in ac-
curacy. These results confirm the robustness of our hyper-
parameter configuration. DigimonGPT with α = 0.05 and
β = 0.2 achieves 2.28% higher accuracy on causal ques-
tions compared to DigimonGPT employed Bayesian opti-
mization. Since the prompts we designed for evaluation are
intended to guide the model to consider potential causal rela-
tionships and semantic associations, an increase in the value
of α results in more precise evaluation scores for causal
tasks. Consequently, this yields a more appropriate number
of memory replay entries for these tasks and ultimately en-

hances performance in this specific task category.

Related Work
LMM Fine-tuning. In recent years, LMMs have achieved
substantial advancements in VideoQA through unified mul-
timodal architectures that integrate heterogeneous modali-
ties and utilize large-scale multimodal pre-training. How-
ever, pre-trained LMMs often encounter difficulties in gen-
eralizing to novel tasks, producing unsatisfactory responses.
To address these limitations, one approach involves task-
adaptive fine-tuning through parameter updates (Cao et al.
2024; Feng et al. 2024; Yan et al. 2024; Jin et al. 2024),
which optimizes model parameters directly on target domain
data. Another strategy (Sanh et al. 2021; Li et al. 2023a)
involves fine-tuning pretrained LMMs on a collection of
multimodal instruction-following data, guiding LMMs to
comprehend and adapt to target tasks, thereby enhancing
task-specific performance. Nonetheless, fine-tuning LMMs
incurs substantial computational overhead and time costs,
which significantly increase system response latency.

LLM-driven Agents. Considering computational ex-
penses and task-specific constraints, alternative approaches
employ LLM-driven agents to orchestrate a multitude of
models from external toolkits. ViperGPT (Surı́s, Menon,
and Vondrick 2023) combines video and language mod-
els to generate executable subprograms for open-domain
visual query parsing. TraveLER (Shang et al. 2024) pro-
gresses this framework with a multi-agent system charac-
terized by flexible planning and reflection for VideoQA
tasks, while VideoAgent and DoraemonGPT (Fan et al.
2024; Yang et al. 2024) models structured video mem-
ory via tool-based reasoning. However, existing works pri-
marily enhance reasoning in single-task scenarios, failing
to consolidate completed tasks as experiential knowledge
for future tasks. This isolated approach necessitates the re-
instantiation reasoning chains for each task execution, prov-
ing inefficient when managing multimodal interactions. Re-
cent works (Yang et al. 2025; Ning et al. 2025; Di et al.
2025) have explored efficient KV-cache retrieval mecha-
nisms for streaming video question answering, but these typ-
ically rely on high task similarity, whereas our DigimonGPT
leverages hierarchical memory replay to generalize across
unseen tasks with evolvable reasoning capability.

Conclusion
In this paper, we present DigimonGPT, an evolvable multi-
modal agent that integrates an Intra-video Declarative Mem-
ory and an Inter-task Procedural Memory to mimic human
memory and knowledge transfer. By dynamically adjust-
ing memory utilization based on evaluating question com-
plexity, DigimonGPT enables evolving strategy without the
heavy computational burden of fine-tuning approaches. We
conduct extensive evaluations of DigimonGPT on multi-
ple types of video question answering tasks and compare
against LMM and LLM-driven agent VideoQA systems. Re-
sults demonstrate the advantages of DigimonGPT ’s accu-
racy on averaged increasing 13.71% on NExT-QA datasets
and 9.89% on Intent-QA datasets over baselines.
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